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Abstract
Short-horizon device-level load forecasting underpins demand-
side management and local flexibility services, yet recent deep
architectures have been validated almost exclusively on long-
horizon benchmarks.We examine this gap on one device by adapt-
ing six architectures across five representative families—linear,
hierarchical, mixer, patch-based, and exogenous-native—to a four-
hour horizon at fifteen-minute resolution and evaluating them
on a single commercial baseload meter with aligned weather
channels, against classical baselines (persistence, linear regres-
sion, random forest, XGBoost). All models share one normalised
dataset, one fixed temporal split, and one rescaling policy, iso-
lating architecture as the variable. On this device we observe
the following: first, performance across all deep architectures
is tightly clustered, and a compact linear model comes within
a few percentage points of the best deep architecture despite
using orders of magnitude fewer parameters. Second, weather
covariates benefit only those architectures purpose-built for ex-
ogenous fusion; among models with generic covariate support,
identical weather inputs yield no measurable improvement or
even degrade accuracy, and a capacity-matched control indicates
that the effect is architectural rather than parametric.

Keywords
short-term load forecasting, device-level forecasting, exogenous
covariates, weather, forecasting architectures, evaluationmethod-
ology

1 Introduction
Device-level load forecasting operates at short horizons: fifteen
minutes to a few hours, consisting of only a few time steps.
Deep-learning architectures for forecasting published over the
last five years were developed and ranked predominantly on
long-horizon benchmarks spanning hundreds of time steps over
largely aggregate series. Whether their mechanisms still perform
as intended at short horizons on data from a single (noisy) device
is untested.

Weather appears as a natural exogenous driver of device load,
however, the evidence for its impact is mixed. One study on heat-
pump devices shows that transformers do not consistently beat
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XGBoost and tend to overfit on irregular series despite added
capacity, with lagged load dominating feature importance and
temperature having a negligible effect [13]. Exogenous support
is also uneven across architectures: some are built around covari-
ates [23]; several, including PatchTST [15], lack a mechanism
for a second input series, so only the target’s own history is
consumed and incorporating weather requires modifying the ar-
chitecture; while others accept covariates only over the forecast
window, which presumes a weather forecast.

We explore whether recent architectures benefit from the addi-
tional information provided by historical weather measurements.
We test six architectures: DLinear [25], TiDE [4], N-HiTS [2],
TSMixerx [3], TimeXer [23] and PatchTST [15]; and six classical
baselines: persistence, linear regression, an MLP, random forest
and two XGBoost variants. We select data from one commercial
meter under one persisted normalisation, with a fixed train/test
split and window-rescaling policy. Each covariate-capable archi-
tecture is evaluated with and without additional past weather
information.

Contributions: (i) a standardised way of comparing classical
and recent architectures, training and evaluating every model
under the same preprocessing and the same splits at 15min, 1 h
and 4 h horizons; (ii) a per-architecture weather comparison; and
(iii) an empirical noise bound from repeated same-seed runs.

2 Related work
2.1 Classical and tree baselines
For load-forecasting, seasonal-naive baselines with calendar fea-
tures remain the standard reference point [9]. For building-load
forecasting, the field has shifted toward deep recurrent mod-
els [18], while tree ensembles have established themselves as
a primary comparator. The supporting evidence is consistent:
random forests were benchmarked against ARIMA, exponen-
tial smoothing, and neural networks [5] and achieve accuracy
comparable to neural networks on building energy [1]. They are
robust in their principal hyperparameter, such that an untuned
forest is a fair comparator [24], and they retain an advantage at
scale [14]. A gradient-boosted tree given identical window-based
inputs matched eight deep architectures across nine datasets [6],
and an inductive-bias advantage for tree models is well docu-
mented on medium-sized tabular problems [8]. In line with this,
our tree baselines receive the same sliding-window inputs as the
deep models, alongside the subsampled fit with which they are
typically supplied.
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2.2 Deep-learning architectures
Recent load-forecasting research spans multiple families of deep-
learning architectures. Attention-based forecasters [11] report
accuracy gains that depend strongly on aggregation level [7,
20], which motivates evaluating them directly at device level.
PatchTST segments a series into patches treated as tokens and
encodes channels independently [15], typically with reversible
instance normalisation [10]; its results are contested by linear
models [25] and by architectures that attend across variates rather
than along time [12]. Among prior device-level studies, the work
closest to ours forecasts 308 heat pumps day-ahead and reports
strong device heterogeneity [13].

2.3 Architectures that support historical
weather

We found that exogenous support hinges on implementation
rather than the published architecture, which commonly differ.
Models exposing historical covariates can take past weather into
account directly [2–4, 11, 17, 23], while models exposing only
future covariates [19, 26] take a weather forecast as input; these
fall outside our comparison, as we compare architectures against
past weather only. Several architectures [12, 15, 22, 25] provide
no covariate path.

3 Problem setup
Let 𝑦𝑡 be the active power of one commercial meter at 15-minute
cadence and 𝑤𝑡 ∈ R17 the aligned weather vector. Given 𝑥𝑡 =

(𝑦𝑡−𝐿:𝑡−1,𝑤𝑡−𝐿:𝑡−1) with 𝐿 = 192 (48 h), predict 𝑦𝑡 :𝑡+𝐻−1 with
𝐻 = 16 (4 h). Every trained model minimises squared error, so
we report the matching quantity, RMSE in watts, at the single
steps ℎ = 1 (15min), ℎ = 4 (1 h) and ℎ = 16 (4 h), and pooled
across all 16 steps. Squared error weights the large deviations
that a scheduler has to cover, and the persistence row in Table 1
anchors the scale.

The target is one always-on circuit of a service station, recorded
from July 2020 to March 2024 (3.6 years): mean 618W, standard
deviation 104W on the training slice, no zero readings, and a
moderate seasonal swing (July mean 1.35 times February’s). The
test segment (June 2023 to March 2024) has a 10% lower mean. A
heat pump would be a harder test of the weather question.

The series is split chronologically 80/20 into train-plus-validation
and test, the last tenth of the training portion held out for early
stopping. The test segment yields 24 864 windows, strictly later
than everything the models see.

4 Methods
4.1 One pipeline
Recent architectures are usually benchmarked each under its
own codebase and preprocessing, which leaves open whether a
reported gain comes from the architecture or from the setup. To
avoid that, every model in this paper, classical or deep, is trained
and evaluated the same way: on the same normalised dataset,
split into train and test at the same point in time, with every
input window rescaled by the same declared rule, so that among
the deep models a difference comes from the architecture rather
than the data handling, and each weather comparison changes
exactly one thing, the presence of the 17 weather channels. The
classical baselines also differ in features and normalisation, so
their gap is one between approaches. Per-column statistics are
fitted on the training slice and shared by every run. Per-window

instance normalisation centres and scales each lookback window
by its own mean and standard deviation before the model sees
it, then inverts that transformation on the output. This is the
operation RevIN contributes to PatchTST [10] and that most re-
cent architectures ship in some form; it is applied by the pipeline
to the target channel of every deep model, with each model’s
internal version disabled so nothing normalises twice. Weather
keeps the global normalisation only. RevIN’s learnable affine
parameters are not reproduced. Classical baselines receive the
global normalisation alone.

4.2 Baselines and architectures
Persistence repeats 𝑦𝑡−1. Linear regression flattens the window.
Random forest and XGBoost consume engineered features (load
lags, rolling statistics, calendar encodings, weather at the forecast
origin) and fit one regressor per horizon step. They are fitted
twice: on a 15 000-window subsample, which is the usual practice,
and on the same 89 357 windows the deep models see. An MLP
flattens the raw window.

Recent architectures are taken from an existing implementa-
tion [16] through a thin adapter, so they train with the same loop,
splits, normalisation and loss: DLinear, TiDE, N-HiTS, TSMix-
erx, TimeXer and PatchTST. Each receives the raw 192-step load
window, a weather arm also the 17 weather channels. Library
defaults apply, with a shared 25-epoch budget and early stop-
ping. TimeXer runs at the shared 128-dimensional, 3-layer width
rather than its own default of 512, which is four times every other
Transformer here.

4.3 Constructing a weather path for PatchTST
PatchTST encodes each channel independently, so attention runs
over the 24 time patches within a channel and never across them,
and the head keeps only the target’s forecast. Feeding weather as
extra channels therefore does nothing: built from the same seed,
the concatenated and univariate models have identical parame-
ters and bit-identical output.

We therefore construct a weather path by hand. Both streams,
load and the 17 weather channels collapsed into one combined
signal, are built the same way up to the point where they meet:
each is split into 24 overlapping patches, each patch is mapped to
a 128-dimensional embedding by one linear layer plus a learned
positional code, and the resulting sequence of embeddings is
treated as a sequence of tokens and passed through its own
three-layer self-attention encoder. This gives two independently-
encoded token sequences,𝑍ℓ ∈ R24×128 for load and𝑍𝑤 ∈ R24×128

for weather, each having so far attended only to itself. The two
constructions differ only in how 𝑍ℓ and 𝑍𝑤 are then joined:

positional: 𝑍 =W[𝑍ℓ ∥ 𝑍𝑤] (1)
attentional: 𝑍 = 𝑍ℓ +MHA(𝑄 =𝑍ℓ , 𝐾 =𝑉 =𝑍𝑤) (2)

In the positional join, called the separate encoder model in
Tables 1 and 2, [·∥·] concatenates the two streams at each match-
ing patch position into a 256-dimensional vector, and W is one
learned linear layer projecting it back down to 128 dimensions.
In the attentional join, MHA is multi-head cross-attention: the
load tokens 𝑍ℓ act as the query 𝑄 , the weather tokens 𝑍𝑤 act as
both the key and value (𝐾 = 𝑉 = 𝑍𝑤 ), so each load patch com-
putes a weighted combination of all 24 weather patches instead
of being tied to the matching one, letting a lag be learned rather
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than specified. Neither construction is novel: cross-attention be-
tween an endogenous and an exogenous stream is published as
TimeXer [23] and, with two encoders, as ExoTST [21].

5 Results
5.1 Model comparison
Because each model configuration is evaluated using a single
random seed, a reported difference in test RMSE may reflect
run-to-run variability rather than a genuine difference between
models. To avoid overinterpreting small differences, we estimate
an empirical reproducibility floor. We reran the linear model
and the univariate PatchTST five times each while keeping the
random seed, machine, data, and training code unchanged. For
repeats whose early stopping terminated at the same epoch, the
observed variation is attributable to low-level computational non-
determinism rather than to differences in model or data. The five
linear repeats stopped at the same epoch and spanned 0.06 RMSE,
with a standard deviation of 0.03. The PatchTST repeats that
stopped at the same epoch differed by 0.07 RMSE in the same-
epoch pairs we inspected. The largest same-epoch pairwise gap
observed was 0.075 RMSE. We round this maximum up to 0.1
RMSE and use that value as a decision floor for comparisons on
this dataset. This rule is conservative and operational, not infer-
ential. An RMSE difference smaller than 0.1 is treated as within
the reproducibility range of the single-seed evaluation protocol
and is not interpreted as evidence that one model is better than
another. An RMSE difference larger than 0.1 is reported as an ap-
parent difference that exceeds the observed computational-noise
floor; it is not claimed to be statistically significant.

Random forest and Random forest‡ are the identical model
on the identical features (the last 48 load lags plus the weather
reading at the forecast time, about 65 inputs); the plain row is
fit on the usual 15 000-window subsample, the ‡ row on the
full 89 357-window training set every deep model sees. XGBoost
appears three times because we tried two feature sets and one
data-size variant: XGBoost, calendar adds calendar encodings
(hour-of-day and day-of-week as sine-cosine pairs, a weekend
flag) to 48 load lags andweather, about 70 inputs; XGBoost, rolling
stats uses 24 load lags, the mean, standard deviation, minimum
and maximum of the load over the last 6, 12 and 24 hours, and
the same weather reading, 53 inputs; and XGBoost, rolling stats‡
repeats the rolling-stats feature set on the full training set instead
of the subsample.

Table 1 gives the raw 15-minute results. Considering only
models without weather as input, the six explored architectures
span just 1.1% (69.6 to 70.4), against a gap of up to 6.3% from the
best of them to the best tabular baseline. Taking into account
weather variations, the gaps go from 1.1% to 5.4% on the span
across architectures and from 6.3% to 7.7% on the gap to the
best tabular baseline, since weather helps some architectures and
hurts others. DLinear reaches 70.3 with 6,176 parameters, within
2.4% of the best model overall, PatchTST + separate encoder,
which is 144 times larger and correspondingly more expensive to
train. TSMixerx at 48 K parameters matches univariate PatchTST
within that 0.1 RMSEmargin. More data does not close the tabular
gap: on all 89 357 windows the random forest gets worse (77.0
to 78.1) and XGBoost moves by 0.2. PatchTST, library, is the
implementation of [16] without the changes of Methods.

Table 1: Test RMSE (W), raw 15-minute target, single seed. †
predates pipeline unification. ‡ fitted on all 89 357 training
windows rather than a 15 000-window subsample.

Model Params Overall 15 min 1 h 4 h

Persistence – 93.9 62.6 94.0 97.8
Random forest‡ – 78.1 61.9 77.0 81.9
Random forest – 77.0 63.2 75.9 80.6
Linear 55 K 76.0 57.0 74.6 80.4
MLP† 955 K 75.6 71.5 73.6 77.9
XGBoost, calendar† – 74.7 55.5 73.9 77.9
XGBoost, rolling stats† – 74.2 55.1 73.0 78.4
XGBoost, rolling stats‡ – 74.0 54.1 72.9 78.5

N-HiTS + weather 6.2M 72.4 56.4 72.0 75.0
N-HiTS 2.9M 70.4 52.0 69.9 73.9
DLinear 6 176 70.3 52.9 69.6 73.8
TiDE 1.3M 70.3 52.7 69.5 73.8
TiDE + weather 2.1M 70.3 52.7 69.4 73.8
TSMixerx 48 K 69.7 52.9 69.1 73.3
TSMixerx + weather 50 K 69.7 55.2 69.3 72.7
PatchTST 452 K 69.6 52.3 68.7 73.2
TimeXer 650 K 69.6 52.6 69.0 72.9
PatchTST, 8 layers 1.1M 69.5 52.0 68.9 73.0
PatchTST, library 452 K 69.4 51.9 69.1 72.7
TimeXer + weather 650 K 69.0 52.3 68.4 71.8
PatchTST + cross-attn 1.1M 68.9 52.2 68.7 71.6
PatchTST + separate enc. 887 K 68.7 52.3 68.4 71.5

5.2 Weather
Table 2 pairs each architecture’s weather arm (with weather
as input) against its univariate arm (without). All native arms
receive identical weather, so a difference in gain comes from
how each architecture uses it, not from having different weather
to work with. Three of the six, TimeXer and our two PatchTST
constructions, were built specifically for exogenous fusion, and
all three gain: the separate-encoder join by 1.37%, cross-attention
by 1.10%, and TimeXer by 0.87%. The other three, TSMixerx, TiDE
and N-HiTS, take weather through a general-purpose covariate
mechanism rather than one designed for weather specifically;
of these, TSMixerx and TiDE move by less than that 0.1 RMSE
margin, and N-HiTS degrades by 2.9%.

Between the two PatchTST constructions, the simpler one
wins: the separate-encoder join gains 1.37% at 887 K parameters,
against 1.10% for cross-attention at 1.1M. Its extra capability, a
learned lag over the weather patches, does not pay off here.

Both constructions carry more parameters than the univariate
model they are compared against, so we ran a capacity-matched
control: univariate PatchTST at eight encoder layers, 1 114 264
parameters against cross-attention’s 1 120 040. It scores 69.51.
Multiplying the parameters of the univariate model by 2.5 there-
fore buys 0.11 of RMSE, 0.15%, right at that 0.1 RMSE margin,
while the same budget spent on a weather path buys 0.66, and
0.85 for the positional join with fewer parameters than the con-
trol. The fusion effect is six to eight times the capacity effect,
so the gains in Table 2 are weather, not size. TimeXer’s 0.87%
needed no control: exogenous series enter as variate tokens, so
adding weather adds tokens rather than weights [23].

6 Discussion
On this device, long-horizon architectures transfer but do not
differentiate. Without weather, mechanisms that separate them
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Table 2: Weather arm against univariate arm. Negative
favours weather.

Architecture Path Δ Δ % Params

PatchTST separate encoder −0.96 −1.37 2.0×
PatchTST cross-attention −0.76 −1.10 2.5×
TimeXer native −0.60 −0.87 unchanged
TSMixerx native −0.01 −0.02 +2 K
TiDE native −0.01 −0.01 +800 K
N-HiTS native +2.01 +2.85 +3.3M

on long-horizon benchmarks compress into a 1.1% band at four
hours, with a 6.3% gap to the best tabular model. At this hori-
zon the choice among recent architectures matters less than the
choice between the recent field and a tabular model.

On this device, weather helps only where the architecture was
designed around it. Here a weather benefit is a property of a
particular design rather than of the task, which is consistent with
reading published fusion gains as architecture-specific and with
the device heterogeneity reported by Lüdecke et al. [13]. Within
the constructed designs the simpler join is the better one.

Our study also has some important shortcomings and limita-
tions. We ran a single seed and no significance test on the test
errors; same-seed repeats alone differ by up to 0.07 RMSE, on the
order of several differences in Table 1. We use data of one meter
at one site, so no claim about other devices or sites can be made.
Library defaults were used rather than per-model tuning, and the
PatchTST family carries a learning rate tuned in earlier work.

7 Conclusion
On the one commercial meter we studied, recent deep-learning
architectures transfer to short-horizon load forecasting but do
not provide meaningful performance differentiation; the gap be-
tween models is narrow, and a 6,176-parameter DLinear model
comeswithin 2.4% of the best. Furthermore, on this meter weather
improved accuracy only in architectures with a mechanism de-
signed for exogenous fusion, so the gain depends on the design
and not only on the data.

For this device, the complexity of the larger deep-learning
models is not justified by their marginal accuracy gains over a
lightweight one such as DLinear; whether this holds for other,
more weather-driven devices remains to be tested.
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